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a b s t r a c t
In this paper we model the dependence structure between credit default swap (CDS)
and jump risk using Archimedean copulas. The paper models and estimates the different
relationships that can exist in different ranges of behaviour. It studies the bivariate
distributions of CDS index spreads and the kurtosis of equity return distribution. To take
into account nonlinear relationships and different structures of dependency, we employ
threeArchimedean copula functions:Gumbel, Clayton, and Frank.Weadopt nonparametric
estimation of copula parameters and we find an extreme co-movement of CDS and stock
market conditions. In addition, tail dependence indicates the extreme co-movements and
the potential for a simultaneous large loss in stock markets and a significant default risk.
Ignoring the tail dependence would lead to underestimation of the default risk premium.
© 2010 Elsevier B.V. All rights reserved.
1. Introduction
Since the limitations of correlation-based models were identified in [1], research has started to use copulas to directly
model the dependence structure across financial markets. Understanding the dependence structure between the default
risk premium and the equity market is important for financial analysts, credit risk management and financial stability.
Subsequently, over the last few years a large body of research has used corporate bond prices or single-name credit default
swap (CDS) spreads as a proxy of the default risk premium. However, single-name CDS spreads are much less liquid than
indices and the credit spreads that are inferred from corporate bond prices are affected by tax considerations and illiquidity.
In June 2004, the iBoxx and Trac-x CDS indices emerged to form the Dow Jones iTraxx index family. Like the stock index, a
CDS index is a portfolio of single-name credit default swaps. CDS indexes are new instruments that provide investors with
marketwide credit risk exposure. The iTraxx CDS index family consists of the most liquid single-name CDS in the Asian
and European markets. The iTraxx CDS index provides liquid market prices of credit spreads of different maturities and in
different economic sectors. Thus, CDS index spreads have become a preferred proxy for the default risk premium, rather
than bond spreads and single-name CDS spreads.1
This paper examines the nonlinear relationship between stock market conditions and the default risk premium for the
Australian market. We study the dependence structure among the default risk premium (iTraxx CDS index spreads), the
stock index level and the jump risks (estimated with the kurtosis of equity return distribution). The economic implication
behind the kurtosis is that it measures the extrememovement in equity returns and indicates the tendency of jump events.2
∗ Tel.: +216 97 23 01 43; fax: +216 74 879 084.
E-mail addresses: Nader.Naifar@fsegs.rnu.tn, doctoratnader@yahoo.fr.
1 See, e.g., Byström [2], Alexander and Kaeck [3], Tang and Yan [4].
2 According to Zhang et al. [5], skewness is often loosely associatedwith the existence of jumps in the financial industry, while kurtosis can be formalized
as an econometric test of the jump diffusion.
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We regard kurtosis as a proxy of jump risk and study how it impacts the iTraxx CDS index. The fraction of the stock market
used for our purpose is the stock of the reference entities which are part of the iTraxx index portfolio. For that reason, we
construct an equally weighted portfolio of the stocks of the reference entities which are part of the iTraxx index portfolio. In
addition, we use Archimedean copula functions to explore the dependence structure between stock market conditions and
the default risk premium. A copula is a function that connects the marginal distributions to restore the joint distribution.
Using a copula approach, we can model the different relationships that can exist in different ranges of behaviour. There are
many advantageswhenwe use a copula function in analyzing the dependence structure. First, copulas allow us to separately
model the marginal behaviour and the dependence structure. Second, the copula function can provide us with the degree
of the dependence and also the structure of the dependence. It allows for asymmetric dependence since a linear correlation
does not give information about the tail dependence. Third, unlike correlation, copulas do not involve elliptically distributed
random variables. As a result, they are especially useful when modeling the dependence between asset returns and default
risk. Finally, copulas are invariant under increasing and continuous transformations. For example, dependence structure
with a copula does not change with returns or logarithms of returns. This is not the case for the correlation, which is only
invariant under linear transformations.
One of our findings is that the dependence structure between equity and CDS markets is asymmetric. In addition, our
finding of significant tail dependence has important implications in credit risk management and pricing credit derivatives.
First, tail dependence indicates the extreme co-movements and the potential for a simultaneous large loss in the equity
markets and a significant default risk. Second, tail dependence allows investors and market participants to measure the
probability of simultaneous extreme losses.
The rest of the paper is organized as follows. Section 2 presents copula methodology. Section 3 presents data and
preliminary statistics. Section 4 presents estimation results and discussion. The article ends with a conclusion.
2. Copula methodology
2.1. The Archimedean copula and properties
Using a copula approach, we can model the different relationships that can exist in different ranges of behaviour. A
copula is a function that connects themarginal distributions to restore the joint distribution. For n uniform randomvariables
u_1, u_2, . . . , u_n, the joint distribution function C is defined as
C(u_1, u_2, . . . , u_n, θ) = Pr[U1 ≤ u_1,U2 ≤ u_2, . . . ,Un ≤ u_n]. (1)
Here θ is the dependence parameter.
For the purpose of this paper and simplicity, we consider the bivariate case. A copula function is the restriction to
[0, 1]2 of a continuous bivariate distribution function whose margins are uniform on [0, 1]. A bivariate copula is a function
C : [0, 1]2 → [0, 1]which satisfies the boundary conditions
C(t, 0) = C(0, t) = 0 and C(t, 1) = C(1, t) = t for t ∈ [0, 1]. (2)
Similarly, a copula satisfies the 2-increasing property
C(u_2, v_2)− C(u_2, v_1)− C(u_1, v_2)+ C(u_1, v_1) ≥ 0. (3)
This applies for all u_1, u_2, v_1, v_2 in [0, 1] and u_1 ≤ u_2 and v_1 ≤ v_2.
A copula is symmetric if
C(u, v) = C(v, u) for all (u, v) in [0, 1]2 and is asymmetric otherwise. (4)
Copula functions are considered as a complete tool for studying multivariate distributions. This is justified by the
fundamental fact known as Sklar’s [6] theorem.3
Sklar’s Theorem. Let X and Y be random variables with continuous distribution functions FX and FY , with FX (X) and FY (Y )
uniformly distributed on the interval [0, 1]. Then there exists a copula C such that for all x, y in R,
FX,Y (x, y) = C(FX (x), FY (y)). (5)
The copula C for (X, Y ) is just the joint distribution function for the random couple FX (X), FY (Y ) provided FX and FY are
continuous. This representation is called the canonical representation of the distribution.
Numerous copulas can be found in the literature (see [7]). While the copula function of the Gaussian distribution does
not allow for dependence in the tails, the Student-t copula does not allow for asymmetric tail dependence. However,
dependence models contained in the class of Archimedean copulas can indeed capture dependence in the upper and lower
tail dependences. To estimate the Archimedean copula, we only need to find functions which will serve as generators and
define the corresponding copula.
3 The original definition of a copula is given by Sklar [6] and Sklar’s theorem is considered as the most important theorem concerning copula functions.
The problem of obtaining a joint distribution is reduced to that of selecting the appropriate copula.
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LetΦ denote a functionΦ : [0, 1] → [0,∞]which is continuous and satisfies:
• Φ(1) = 0.
• Φ(0) = ∞.
• For all t ∈ (0, 1),Φ ′(t) < 0, we have thatΦ is decreasing.
• For all t ∈ (0, 1),Φ ′′(t) ≥ 0, we have thatΦ is convex.
The function Φ has an inverse Φ−1 : [0,∞] → [0, 1] which has the same properties except that Φ−1(0) = 1 and
Φ−1(∞) = 0. A copula is said to be an Archimedean copula if its distribution function can be written as follows:
Carch(u, v) = Φ−1[Φ(u)+ Φ(v)]. (6)
For all 0 ≤ u, v ≤ 1,Φ is called a generator function of the copula, which satisfies the following properties:
- C is symmetric; i.e., C(u, v) = C(v, u) for all u, v ∈ [0, 1].
- C is associative; i.e., C(C(u, v), w) = C(u, C(v,w)) for all u, v, w ∈ [0, 1].
- If k > 0 is any constant, then kΦ is also a generator ofΦ .
The Archimedean copula has simplified the construction of bivariate distributions and it has many families that are capable
for presenting different structures of dependency, and different methods have been developed to estimates its parameters.
In this study, we employ three Archimedean copula functions: Clayton, Frank, and Gumbel.
– Clayton copula. This family gives examples of Archimedean copulas and was proposed in [8] as follows:
LetΦ(t) = (t−θ−1)
θ
.
Φ is called a generator function of a copula and θ ∈ [−1,∞)/{0} controls the degree of dependence between u and v.
Then
CClaytonθ (u, v) = max[(u−θ + v−θ − 1)−
1
θ , 0]. (7)
For θ = 0, the random variables are statistically independent. If θ > 0, then Φ(0) = ∞ and we can simplify Eq. (7) as
follows:
CClaytonθ (u, v) = (u−θ + v−θ − 1)−
1
θ . (8)
– Frank copula. This family is proposed in [9] as follows:
LetΦ(t) = − ln −e−θ t−1
e−θ−1 with θ ∈ ℜ/{0};
C Frankθ (u, v) = −
1
θ
ln

1+ (e
−θu − 1)(e−θv − 1)
(e−θ − 1)

. (9)
– Gumbel copula. This family, proposed in [10], is the following:
LetΦ(t) = (− ln t)θ , with θ ≥ 1;
CGumbelθ (u, v) = exp(−[(− ln u)θ + (− ln v)θ ]
1
θ ); 0 ≤ u, v ≤ 1 (10)
where θ ∈ [1,∞) controls the degree of dependence between u and v.
To illustrate the range of bivariate behaviour that can be represented by Clayton, Gumbel and Frank copulas, we consider
Figs. 2–4 in Appendix A.
2.2. Parameter estimates
The Archimedean copula presents an appealing property: each copula has an analytical expression that links its
parameters to its related Kendall tau or Spearman rho (see Appendix B). Genest and Rivest [11] suggested a nonparametric
method for estimating the dependence function of a pair of random variables under the assumption that their uniform
representation is Archimedean. The bivariate probability integral transformation of (X, Y ) with joint distribution function
H is defined as V = H(X, Y ). It is not generally true that the distribution function K of V is uniform on [0, 1] even if H is
continuous. Similarly, K does not characterize H since K does not contain any information about the marginals FX and FY .
The problem of specifying a probability model for independent observations (x1, y1), . . . , (xn, yn) from a bivariate non-
Gaussiandistribution functionH(X, Y ) canbe simplified by expressingH in termsof itsmarginals FX and FY and its associated
dependence function C . Subsequently, Archimedean copulas are characterized by the stochastic behaviour of the random
variate V = H(X, Y ). The univariate distribution function is defined on the interval (0, 1) as
K(v) = Pr[H(X, Y ) ≤ v] = Pr[C{FX (X), FY (Y )} ≤ v]. (11)
The estimation of K can be done in two steps. The first step consists of constructing the empirical bivariate distribution
Hn(X, Y ). The second step consists of computingHn(xi, yi) for i = 1, . . . , n and using those pseudo-observations to construct
a one-dimensional empirical distribution function for K .
Classes of bivariate Archimedean copulas are attractive because they are characterized by a scalar parameter which can
be related to a rank correlation coefficient (the Spearman rho or Kendall tau). Genest andMacKay [12] proposed an important
theorem in the theory of Archimedean copulas:
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Table 1
Distribution functions of Archimedean copulas.
GeneratorΦ(z) Generator first derivativeΦ ′(z) The distribution function K(z) = z − Φ(z)
Φ′(z)
Gumbel (−Ln(z))θ −θ(ln z)θ−1 1z z − (z ln z)θ
Clayton z−θ − 1 −θz.z−θ−1 z − (zθ+1−z)
θ
Frank − ln e−θz−1
e−θ−1
θ
1−eθz z −
ln e
−θz−1
e−θ−1
θ
(eθz − 1)
Theorem. Let (X, Y ) be a pair of random variables whose distribution H is of the form [CΦ(x, y) = Φ−1{Φ(x) + Φ(y)}] for
someΦ; then
τ = 4
∫ 1
0
Φ(t)
Φ ′(t)
dt + 1. (12)
Following Eq. (11), we can estimate the copula parameters using a relationship between the Kendall τ and the Archimedean
copula. A nonparametric estimation of the copula treats the copula and the marginal as parameter-free and consequently
offers the greatest generality.
2.3. Fitting a suitable copula to the data
The last step consists of fitting a suitable copula to the data. We adopt an unobserved random variable Zt = F(X1i, X2i)
with distribution function
K(z) = Prob(Zi ≤ z). (13)
Genest and Rivest [11] provide evidence that the estimation of an Archimedean copula is uniquely determined by a function
defined on the interval (0, 1):
K(z) = z − Φ(z)
Φ ′(z)
. (14)
To identify the generator functionΦ , we take the following steps:
Step 1. Estimate Kendall’s correlation coefficient using the nonparametric estimate.
Step 2. Construct a nonparametric estimate of K as follows:
- First, define the pseudo-observations
Zi = {number of (X1j, X2j) such that X1j < X1i and X2j < X2i}/(n− 1) for i = 1, 2, . . . , n.
- Second, construct the estimate of K as Kn(z) = proportion of Z ′i s ≤ z.
- Third, construct a parametric estimate of K using the relationship KΦ(z) = z − Φ(z)Φ′(z) .
For example, we use the estimate τn to calculate the copula θ parameter, say θn. We use θn to estimate the generator function
of Φ(X), say Φn(X). Finally, we use Φn(X) to estimate KΦ(z), say as KΦn(z). We repeat the last step for different generator
functions (Gumbel, Clayton and Frank) and, subsequently, we compare each parametric estimate to the nonparametric
estimate constructed in Step 2.
For doing this, we need the first derivative with respect to z. The distribution functions for each class of Archimedean
copula adopted in our study are presented in Table 1.
Following Frees and Valdez [13], the selection of an Archimedean copula that fits the data better can be done by
minimizing a distance such as∫
[KΦn(z)− Kn(z)]2dKn(z). (15)
3. Data description
Weuse iTraxx Australia CDS index spreads from 20March 2006 to 30 November 2009.We select themost representative
CDS (the five-year CDS) because they are themost liquid. The data used in this study consist of daily closing quotes (themid-
points between quoted bid and ask quotes). The data are obtained from the Markit Group Limited (948 observations).
The second data set consists of the stock market indexes for the same period. The fraction of the stock market for our
purpose is the stock of the reference entities which are part of the iTraxx index portfolio. For that reason, we construct an
equally weighted portfolio of the stocks of the reference entities which are part of the iTraxx index portfolio. The Markit
Group Limited provides iTraxx Australia CDS indexes which comprise 25 Australian entities. Most of the reference entities
in the indexes are large multinationals and all have traded equity.
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Table 2
Preliminary statistics.
Name of the company Mean S.D. Max Min Skewness Excess kurtosis
5-year iTraxx CDS index levels (Bp) 117.31 107.02 441.67 23.5 1.18 0.33
Stock index levels 0.00037 0.015 0.127 −0.071 0.644 9.401
Kurtosis of index return distribution −0.2462 1.342 4.839 −2.042 1.935 4.659
Notes: Table 2 summarizes the preliminary statistics for the data from 20 March 2006, to 30 November 2009.
Fig. 1. iTraxx Australia CDS level and stock index level.
We retain the kurtosis of the index return distribution as a proxy of jump risk and study how it impacts the iTraxx
CDS spreads changes. According to Zhang et al. [5], historical skewness is an indicator of asymmetry in asset returns. A
great and positive skewness denotes that extreme rising movements are more likely to occur. However, skewness is not a
sufficient indicator of jumps. For example, if increasing and decreasing jumps are equally likely to occur, then the skewness
is always zero. Nevertheless, jump volatility and kurtosis are direct indicators of the existence of jumps in the continuous-
time framework. We calculate the kurtosis of the index return distribution from daily returns for each month in our sample
period. To match themwith the monthly kurtosis of index returns, iTraxx CDS spreads are adjusted to a monthly frequency.
Table 2 summarizes the preliminary statistics of the data.
We notice that the standard deviation for the five-year iTraxx CDS Index is important. The CDS series also exhibits a
positive skewness, indicating that the returns are not normally distributed. Also, Table 2 shows a positive excess kurtosis
for all our data, underlining thus a leptokurtic feature (e.g., a peaked probability distribution relative to the Gaussian one).
Moreover, the skewness view is mitigated. Indeed, data exhibit a general positive skewness (e.g., a long right tail).
4. Estimation results
As a first investigation and given the asymmetric nature of the data, we plot the daily iTraxx CDS index level and the
corresponding stock index level (Fig. 1).
In Fig. 1 we plot the iTraxx Australia CDS level and stock index level (both series are normalized).We notice the existence
of co-movement of the CDS spread levels and stock price valuations.
The next step consists of measuring the dependence between variables. Serious deficiencies of the Pearson correlation
coefficientmotivate alternativemeasures of dependence called rank correlations.We focus on Kendall’s tau and Spearman’s
rho. They are nonparametric measures of dependence since they are independent of the margins. In Table 3, we present the
linear correlations, and the Kendall’s tau and Spearman’s rho rank correlations between the CDS index, stock index level and
the jump risk.
From Table 3, we observe that the pairwise correlations are all significantly positive (except for the Pearson CDS
index–jump risk correlation), indicating that the increase of the jump risk is associated with an increase in the CDS spread.
The Kendall taus are all significantly positive, showing that the probability of concordance is significantly higher than the
probability of discordance. The Spearman rhos are also significantly positive, indicating obvious rank correlations. The values
of Kendall’s tau and Spearman’s rho are consistent with each other and the linear correlation.
Our next step consists of estimating the parameters of Archimedean copulas (Gumbel, Clayton and Frank). The theorem
of Genest andMacKay [12] has simplified the framework and leads us to estimate the parameters of the Archimedean copula
on the basis of the Kendall tau statistic. After obtaining the values of the Kendall tau for each pair (Table 3), we can compute
the dependence parameter θ of each retained Archimedean copula (from Eq. (16) and Table 6 in Appendix B).
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Fig. 2. Simulated standard uniform random variables under a Clayton copula.
Table 3
Correlation measures.
Pairs Pearson correlation Kendall’s tau Spearman’s rho
CDS index–stock index 0.5089*** 0.1596** 0.3514**
CDS index–jump risk 0.095* 0.1462** 0.1986***
Notes: Pearson correlation is a linear-based measurement of dependence. The
nonparametric rank correlations, Kendall’s tau and Spearman’s rho, are useful for the
observations in the tails. Moreover, Kendall’s tau and Spearman’s rho are associated
with copula functions. The correlation indicates ordinary Pearson correlations and the
rank correlation indicates the Spearman rank correlation. 1%, 5% and 10% significance
levels are indicated by ***, ** and *, respectively.
Fig. 3. Simulated standard uniform random variables under a Frank copula.
Table 4
Nonparametric estimation of Archimedean copula parameters.
Pairs Gumbel Clayton Frank
CDS index–stock index 1.1899 0.3798 1.4669
CDS index–jump risk 1.1712 0.3425 1.3391
The results of the estimation are given in Table 4.
Finally, our last step consists of fitting a suitable copula to the data (we use Table 1 and Eq. (14)) and we adopt the
procedure developed in [11]. The results of the estimation are given in Table 5.
According to Table 5, the Gumbel copula gives better fits than Clayton and Frank ones. Thus, we suggest that the
dependence structure among the CDS spreads, stock index and jump risk is asymmetric and positive and displays right tail
dependence. Our finding of significant tail dependence has important implications in credit risk management and pricing
credit derivatives. First, tail dependence indicates the extreme co-movements and the potential for a simultaneous large
loss in the equity markets and a significant default risk. Second, tail dependence allows investors andmarket participants to
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Fig. 4. Simulated standard uniform random variables under a Gumbel copula.
Table 5
Fitting a suitable copula to the data.
Pairs Gumbel Clayton Frank
CDS index–stock index 0.0176445 0.041223 0.0326445
CDS index–jump risk 0.0032113 0.0058675 0.0042334
Table 6
Relationship between the Kendall tau and the generator function of the Archimedean
copula.
Family Range of θ Φ(u) τ
Gumbel θ ∈ [1,∞) (−Ln(u))θ θ−1
θ
Clayton θ ∈ [0,∞) u−θ − 1 θ
θ+2
Frank θ ∈ (−∞,+∞) − ln e−θu−1
e−θ−1 1− 4θ [1− D1(θ)]
Here D1(θ) is the Debye function defined as Dn(x) = nxn
 x
0
tn
et−1 dt for n a positive
integer.
measure the probability of simultaneous extreme losses. Ignoring the tail dependence would lead to underestimation of the
default risk premium. Finally, tail dependence, which gives the probability of joint occurrence of the most extreme values,
is a true measure for systematic risk in times of financial crisis.
5. Conclusion
In this paper we model the dependence structure among the CDS, stock index level and jump risk using Archimedean
copulas. Themajority of the research on credit risk has concentrated on the estimation of default probabilities fromcorporate
bond data and exploring the determinants and the dynamics of the term structure of credit spreads. Earlier empirical work
has been done on single-name CDS products. CDS are much less liquid than indices and the credit spreads that are inferred
from corporate bond prices are affected by tax considerations and illiquidity. In this study, we use iTraxx CDS index data
from Australian markets. The overall results are highly supportive of the extreme co-movement of CDS and equity market
conditions. One of our findings is that the dependence structure between stock markets and CDS spreads is asymmetric. In
addition, the Gumbel copula is the best fitting model in nonparametric estimation and, thus, the existence of extreme co-
movements. Tail dependence allows investors and market participants to measure the probability of simultaneous extreme
losses. Ignoring the tail dependence would lead to underestimation of the default risk premium.
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Appendix A
The range of bivariate behaviour represented by a Clayton copula is illustrated in Fig. 2.
The Clayton copula has lower tail dependence but not upper tail dependence. The lower tail dependence of the Clayton
copula increases as the degree of dependence (θ ) increases. The contour generated by the Clayton copula implies a fat tailed
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distribution. The contour or the level curves of a copula C are given by {(u, v) ∈ I2/C(u, v) = t}. The Clayton copula is an
asymmetric Archimedean copula, exhibiting greater dependence in the negative tail than in the positive one.
The range of bivariate behaviour represented by a Frank copula is illustrated in Fig. 3.
The Frank copula is a symmetric Archimedean copula. It exhibits neither upper nor lower tail dependence. Such copulas
are the only radially symmetric Archimedean copulas.
The range of bivariate behaviour represented by a Gumbel copula is illustrated in Fig. 4.
The Gumbel copula is an asymmetric Archimedean copula, exhibiting greater dependence in the positive tail than in the
negative one.
Appendix B
Kendall’s tau (τ ) and Spearman’s rho (ρ) can be computed on the basis of the copula associated with the bivariate data.
Schweizer and Wolff [14] show that the two standard nonparametric rank correlations can be expressed solely in terms of
the copula function.
Spearman’s rank correlation coefficient is a suitable measure in the case of a nonlinear relationship. Let C(u1, u2) =
F(F−1X (u1), F
−1
Y (u2)) be the copula associated with the bivariate random vectors X and Y . FX and FY are the marginals of the
distributions of the X and Y random variables respectively and (u1, u2) ∈ [0, 1]2. The Spearman rho (ρ) can be expressed
as follows:
ρ = 12
∫∫
[0,1]2
u1u2dC(u1, u2)− 3. (16)
The Kendall tau (τ ) for two random variables X and Y is the probability of concordanceminus the probability of discordance.
Suppose that (X, Y ) and (X∗, Y ∗) are two independent realizations of a joint distribution:
τ = 4
∫∫
[0,1]2
C(u1, u2)dC(u1, u2)− 1
= Prob{(X∗ − X)(Y ∗ − Y ) ≥ 0} − Prob{(X∗ − X)(Y ∗ − Y ) < 0}. (17)
For simplicity, it is assumed that the marginal distributions are continuous. Following Genest and MacKay [12], the Kendall
tau verifies the following properties:
• −1 ≤ τ ≤ 1.
• τ is invariant under monotone transformations: if f and g are monotone increasing or decreasing functions, then
τ(f (X), g(Y )) = τ(X, Y ).
• τ = 0 if X and Y are independent (but not conversely).
Genest and Rivest [11] have shown a relationship between the Kendall tau and the generator function of the Archimedean
copula.
References
[1] P. Embrechts, A. McNeil, D. Straumann, Correlation and dependence in risk management: properties and pitfalls, in: M. Dempster (Ed.), Risk
Management: Value at Risk and Beyond, Cambridge University Press, Cambridge, 1999, M.
[2] H.N.E. BystrÖm, CreditGrades and the iTraxx CDS index market, Financial Analysts Journal 62 (6) (2006) 65–76.
[3] C. Alexander, A. Kaeck, Regime dependent determinants of credit default swap spreads, Journal of Banking and Finance 32 (2008) 1008–1021.
[4] D.Y. Tang, H. Yan, Market conditions, default risk and credit spreads, Journal of Banking and Finance 34 (4) (2010) 743–753.
[5] B.Y. Zhang, H. Zhou, H. Zhu, Explaining credit default swap spreads with the equity volatility and jump risks of individual firms, Review of Financial
Studies 22 (12) (2009) 5099–5131.
[6] A. Sklar, Fonctions de Répartition à n Dimensions et Leurs Marges, vol. 8, Publications de l’Institut de Statistique de l’Université de Paris, Paris, 1959,
pp. 229–231.
[7] R. Nelsen, An Introduction to Copulas, Springer-Verlag, New York, 1999.
[8] D.G. Clayton, A model for association in bivariate life tables and its applications in epidemiological studies of familial tendency in chronic disease
incidence, Biometrika 65 (1978) 141–151.
[9] M.J. Frank, On the simultaneous associativity of F(x, y) and x+ y− F(x, y), Aequationes Mathematicae 19 (1979) 194–226.
[10] E.J. Gumbel, Distribution de Valeurs Extrêmes en Plusieurs Dimensions, vol. 9, Publications de L’institut de Statistique de l’Université de Paris, Paris,
1960, pp. 171–173.
[11] C. Genest, L.P. Rivest, Statistical inference procedures for bivariate Archimedean copulas, Journal of the American Statistical Association 88 (423)
(1993) 1034–1043.
[12] C. Genest, J. MacKay, The joy of copulas: bivariate distributions with uniform marginals, The American Statisticien 40 (1986) 280–283.
[13] E.W. Frees, E.A. Valdez, Understanding relationships using copulas, North American Actuarial Journal 2 (1998) 1–25.
[14] B. Schweizer, E.F. Wolff, On nonparametric measures of dependence for random variables, Annals of Statistics 9 (1981) 879–885.
